A new type of information-theoretic method is proposed to improve prediction performance in supervised learning. The method has two main technical features. First, the complicated procedures used to increase information content are replaced by the direct use of hidden neuron outputs. Information is controlled by directly changing the outputs of the hidden neurons. In addition, to simultaneously increase information content and decrease errors between targets and outputs, the information acquisition and use phases are separated. In the information acquisition phase, the autoencoder tries to acquire as much information content on input patterns as possible. In the information use phase, information obtained in the acquisition phase is used to train supervised learning. The method is a simplified version of actual information maximization and directly deals with the outputs from neurons. The method was applied to the three data sets, namely, Iris, bankruptcy, and rebel participation data sets. Experimental results showed that the proposed simplified information acquisition method was effective in increasing the real information content. In addition, by using the information content, generalization performance was greatly improved.
Introduction
(1) Information-Theoretic Methods. Information-theoretic methods in neural networks have received due attention ever since Linsker stated the so-called "InforMax" principle in living systems [1] [2] [3] [4] . The Informax principle holds that living systems try to maximize information content at every stage of information processing. In other words, living systems should acquire as much information as possible in order to maintain their existence. Following this principle, there have been many attempts to use information-theoretic methods in neural networks [5] [6] [7] [8] [9] . Following this was the development of information-theoretic methods to control hidden neuron activation, with the aim of interpreting internal representations as much as possible and examining relations between information and generalization [10] [11] [12] [13] [14] [15] . The method was successful in increasing information content, keeping training errors between targets and outputs relatively small. However, there were several limitations of these informationtheoretic methods. Among them, the inability to increase information, computational complexity, and compromise between information maximization and error minimization were the most serious ones.
First, several cases were observed where the informationtheoretic methods did not necessarily succeed in increasing information content. For example, when the number of neurons increases, the adjustment among neurons becomes difficult, preventing the neural networks from increasing information content. Second, there is the problem of computational complexity. As expected, information or entropy functions require complex learning formulas. This suggests that information-theoretic methods can be effective only for the relatively small sized neural networks. Third is the problem of compromise between information maximization and error minimization. From an information-theoretic point of view, information on input patterns should be increased as much as possible. On the other hand, neural networks should minimize errors between targets and outputs. Because information maximization and error minimization are sometimes contradictory, it can be difficult to compromise between the two in one framework.
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(2) Simplified Methods. To solve the above-mentioned problems, a new information-theoretic method is here proposed to simplify the procedure of information maximization. The proposed procedure is composed of two steps, namely, realization of information maximization by directly controlling hidden neuron outputs and the separation of the information acquisition and use phases.
First, the process of information maximization can be realized by simulating the actual process of information maximization. In the information-theoretic method, when information increases, a small number of hidden neurons are activated. This number should be decreased in the course of learning as much as possible in order to increase the information. For this purpose, hidden neurons are arranged according to the magnitude of their variance. Specifically, hidden neurons with larger variance are more strongly activated. Much importance is placed on neurons with larger variances. This direct use of outputs can also facilitate the process of information maximization and reduce computational complexity.
Second, the information acquisition and use phases are separated. This is because it has been difficult to increase information maximization and achieve error minimization at the same time. First, information content in input patterns is acquired. Information content is then used to train supervised neural networks. This eliminates the contradiction between information maximization and error minimization in the same learning processes. The effectiveness of separation has been demonstrated in the field of deep learning [16] [17] [18] [19] .
Finally, relations between the present method and sparse coding should be noted as well. In deep learning, sparse representations play an important role when only a small number of components are nonzero and the majority is forced to be zero. Sparse coding is said to be related to improved separability and interpretation and is biologically motivated [20] [21] [22] [23] [24] [25] [26] . One of the main differences between the present method and sparse coding methods is that sparse coding usually aims to suppress the majority of components and eventually realize a small number of nonzero components. On the other hand, the present method aims only to find a small number of important components and, eventually, make the majority of components zero. In terms of detecting important components, the present method is an active one, while the others are passive ones.
(3) Outline. In Section 2, the information content in hidden neurons is introduced. Then, the procedure of information maximization is simplified by directly controlling hidden neuron outputs. In Section 3, three experimental results of the Iris, bankruptcy, and rebel participation data sets are discussed. In all experimental results, it is shown that information could be increased using the present simplified method. This information increase is shown to be in direct proportion to generalization performance for higher layers in particular. Though abrupt decreases and increases in information can be observed, the simplified method can increase information for higher-layered neural networks.
Theory and Computational Methods

Simplified Information Maximization.
Informationtheoretic methods were originally developed to increase information content in hidden neurons on input patterns. Various methods have been successfully applied for increasing information content to a certain quantity [27] [28] [29] . However, these methods have been typically limited to networks with a relatively small number of hidden neurons because of the computational complexity involved. In addition, it has been observed that the obtained information content did not necessarily contribute to improved prediction performance. The present paper proposes a method to directly control the outputs from the neurons to weaken the computational complexity of the information-theoretic methods. The procedure of information maximization can be approximated by producing a smaller number of activated hidden neurons in a concrete way.
Information in Hidden
Neurons. Though multilayered neural networks are supposed, the learning procedures are explained by using the simple layered network, because the same procedures are repeated in the multilayered networks. Let and denote the th element of the th input pattern and connection weights from the th input neuron to the th hidden neuron in Figure 1 ; then the net input is computed by
where is the number of input neurons. The output from th hidden neuron for th input pattern is computed by
where the sigmoid activation function is here used. The averaged output for th hidden neuron is defined by
where is the number of input patterns. In addition, the variance is computed by
The firing probability of th hidden neuron is obtained by
The entropy is defined by
where is the number of hidden neurons. The information is defined as the decrease of entropy from its maximum value: 
Simplified Information Maximization.
The information or entropy function in (6) can directly be differentiated. However, in actual situations, some difficulty exists in increasing the information or decreasing the entropy [27] [28] [29] . In particular, when the number of hidden neurons is large, much difficulty has been observed in increasing the information content.
Thus, this information increase is realized by using the actual outputs from hidden neurons. When the information becomes larger and entropy becomes smaller, a small number of hidden neurons tend to fire, while all the others become inactive. To realize this situation, the winners of hidden neurons are considered. The first winner is defined as a hidden neuron with the highest variance and the second winner has the second highest variance and so on. Let denote the index of th winner; then the rank order of the winners is
where is the number of hidden neurons. The winning neurons are supposed to keep the following relations:
Thus, when the variance of neurons becomes larger, the degree of winning becomes higher. For higher information, only a small number of hidden neurons fire, while all the others cease to fire. Thus, the winning neurons should have the following outputs ( Figure 3 ):
where is a parameter to control the degree of winning and is larger than zero. To decrease the entropy, the following KL divergence must be decreased:
When the KL divergence becomes smaller, a smaller number of winning neurons tend to fire, while all other neurons become inactive.
Separation of Information Acquisition and Use Phase.
Information maximization is sometimes contradictory to error minimization. This means that when maximizing information, the errors between targets and outputs cannot easily be decreased. Recently, it has been shown that unsupervised learning is effective in training multilayered networks [16] [17] [18] [19] . Thus, the information acquisition procedure is separated from the information use. Figure 2 shows this separation.
In the information acquisition phase in Figure 2 (a), the autoencoder is used and information content in hidden neurons is increased as much as possible. Then, using connection weights obtained in the information acquisition phase, learning is performed in supervised ways, as in Figure 2 (b).
Information Acquisition Phase.
The computational procedures for the information acquisition phase are here explained. The output from the output neuron in the autoencoder in Figure 2 (a) is computed by
where denote connection weights to output neurons. Thus, the error is computed by
To increase information, the entropy should be decreased. In the information acquisition phase, the autoencoder is used. Thus, the following equation should be decreased:
where is a parameter to control the effect of the entropy term. 
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Phase. The equation to be minimized is
where is a parameter to control the effect of the KL divergence. By differentiating the equation, we have
where
where denote the error signals from the output layer.
Information Use Phase.
In the information use phase, the connection weights obtained in the information acquisition phase are used initially. Let * denote initial connection weights provided by the information acquisition phase. Then, the output from the hidden neuron is computed by
In the output layer, the sofmax output is used and computed by
where are connection weights from the hidden neurons to the output ones. The error is computed by
where is the target and is the number of output neurons. This error function can be differentiated with respect to connection weights in the competitive and output layer. The update formula for the first competitive layer is shown here:
where is the error signal sent from the output layers and is a learning parameter.
Results and Discussion
Iris Data
Experiment
Outline. First, the method was applied to the well-known Iris problem data set [30] . Because this data set is well-known, it is easy to evaluate intuitively the good performance of the present method. In the experiment, due attention was given to the differences between our method and conventional multilayered networks. Then, the number of hidden layers was fixed to 50 for any hidden layers. In this way, it was possible to obtain better generalization errors by changing the number of hidden neurons in each layer. However, our objective in the present experiment was to show that clear differences could be seen between the conventional method and our method given the same situation. Figure 4 shows a network architecture where the number of input, hidden, and output neurons was 4, 50, and 4, respectively. In the unsupervised phase, the autoencoder was used. In the supervised phase, the ordinary training method was used.
Information Acquisition.
First, an experiment was conducted to see whether our simplified method was effective in increasing information content: this tendency became more apparent. In sum, information could be increased, though there were some fluctuations for the higher layers.
Information Use.
As mentioned above, the information could be increased when the parameter decreased. The experimental results presented here show whether generalization errors are related to the information content. Figure 6 shows generalization errors as a function of the parameter . For the first layer in Figure 6 (a), the generalization errors fluctuated when the parameter increased. For the second layer in Figure 6 (b), the generalization errors decreased slightly when the parameter became larger. For the third layer in Figure 6 unchanged for the smaller values of the parameter; when the parameter further decreased, the generalization decreased rapidly. Thus, for the higher layers, generalization errors decreased in proportion to information increase. Table 1 shows the summary of experimental results on generalization performance. The generalization errors by the informationtheoretic method were lower than those by the standard method for all layers. In particular, the lowest errors (0.026) were obtained when the number of layers was five and six. In addition, maximum generalization errors by the information-theoretic method were smaller than those by the conventional method except in the second and the third layer, which had the same maximum values. Thus, generalization errors could be decreased even for the higher layers by increasing information.
Summary of Generalization Errors.
Bankruptcy Data.
The second type of data was the bankruptcy data (http://pub.nikkan.co.jp/tahenryo/tahenryou .html), where companies are labeled as bankrupt or sound. The number of input, hidden, and output neurons was 6, 50, and 2, respectively. The number of input patterns was 130. 70 of them were used as training patterns, and the remaining ones were equally divided into validation and testing data. Figure 7 shows a network architecture where 6 input, 50 hidden, and 2 output neurons were used. The number of hidden layers was increased up to four because no improvement could be seen beyond the fourth layer. Figure 8 shows the information as a function of the parameter . For the first layer in Figure 8 (a), information continued to increase when the parameter decreased from 25 to 0.1. For the second layer, information also increased constantly, though with some small fluctuations for smaller values of the parameter . For the third layer, information increased constantly to a certain point, decreased, and again increased in Figure 8 (c).
Information Acquisition.
For the fourth layer, information showed the same tendency in that it increased to a certain point and fluctuated, as in Figure 8 (d). In sum, though our simplified method could increase information, there were some fluctuations.
Information
Use. Figure 9 shows the generalization errors as a function of the parameter . For the first layer, the generalization errors remained to be a constant almost independently of the parameter . For the second layer, the generalization errors decreased gradually when the parameter increased. For the third layer, generalization errors were unchanged when the parameter was large and then decreased rapidly. For the fourth layer, the generalization errors were also unchanged for a wide range of the parameter and then decreased rapidly. Thus, the generalization errors tended to decrease in proportion to information increase except in the first layer. Table 2 shows the summary of the experimental results on generalization performance. All generalization errors were well smaller than those by the conventional method. The lowest generalization error of 0.207 (with two hidden layers) was much smaller than the 0.233 (with two hidden layers) obtained by the conventional method. In addition, by the conventional method, the generalization errors increased from 0.270 in the first layer to 0.320 in the fourth layer. However, by the information-theoretic method, the generalization errors did not increase as much. For example, from the first to the fourth layer, the generalization errors decreased from 0.247 to 0.233. Thus, as shown, the present simplified method was able to decrease generalization errors by increasing information in multilayered neural networks.
Summary of Generalization Errors.
Rebel Participation Data
Experiment Outline.
Finally, the method was applied to the rebel participation data set [31] . The total number of patterns was 1340, split as follows: the number of input patterns was 500, the number of validation patterns was 400, and the remaining 440 patterns were for testing data. Figure 10 shows a network architecture of 19 input, 100 hidden, and 2 output neurons. The number of hidden layers increased from one to eight, because no further improvement could be seen.
Information Acquisition.
Then, the experimental results showed to what extent information content could be increased for the higher hidden layers. Figure 11 shows information as a function of the parameter . For the first layer in Figure 11 (a), information gradually increased and stabilized. For the second layer, information gradually decreased and then increased rapidly in Figure 11 (b). For the third layer in Figure 11 (c) to the eighth layer, information first increased then deceased rapidly. Finally, information began to increase in the end. Around the lower points of information, it seems that some kind of phase transition occurred. This means that the connection weights changed drastically around these points. From these results, it can be said that information could be increased by the present simplified method and that information increase may go through several phase transitions in the process of learning.
Information Use.
In the information use phase, connection weights obtained in the information acquisition phase were used to train multilayered neural networks. Figure 12(a) shows generalization errors as a function of the parameter .
Though information increased in Figure 11 (a), generalization errors were not correlated with this information increase. Figure 12 (b) shows generalization errors as a function of the parameter for the second layer. As shown in Figure 11 (b), information decreased in the beginning and generalization errors decreased correspondingly in Figure 12 (b). Then, when information increased in Figure 11 (b), generalization errors increased in Figure 12 From these points on, generalization errors increased, though only slightly.
Summary of Generalization Errors.
Here we present the summary of the results on generalization performance. As shown in Table 3 , all types of generalization errors including the average, minimum, and maximum values by the information-theoretic method were well lower than those by the conventional method. The averaged generalization errors took the lowest value of 0.172 with six layers. However, even with eight layers, generalization errors had the second best value of 0.173. In addition, the standard deviation of the generalization errors became the smallest when the number of layers was seven and eight. The minimum generalization error of 0.134 was obtained with six layers, and the maximum error was at its lowest 0.193 with eight layers by the conventional method. On the other hand, generalization errors increased gradually from 0.189 (one layer) to 0.225 by the conventional method (eight layers). The corresponding maximum and minimum values increased gradually. This means that, by the conventional method, the effectiveness of multiple layers was not observed.
Discussion
Validity of Methods and Results.
The results presented in this study demonstrate that the simplified information acquisition method was effective in increasing information content, accompanied by improved generalization performance. The method is simpler than those which directly differentiate the information or entropy function [27] [28] [29] . Thus, it can be applied to many problems, in particular, to large-sized data.
One of the main findings of the analysis is that generalization performance was not degraded when the number of competitive layers was larger. In all three experimental results in Tables 1, 2, increase for the higher layers by the conventional method.
Do not participate
On the other hand, by the present method, generalization errors decreased almost constantly for the higher layers. This improved generalization performance can be explained in two ways, namely, the number of hidden neurons and the separation of the information acquisition and use phases. First, close relations should be pointed out between information increase and the number of hidden neurons. Figures 5, 6, 8, and 9 show that information increase was accompanied by improved generalization except the first layer. In the information maximization method, when the information of hidden neurons increased, the number of firing neurons decreased. Finally, when the information was completely maximized, just one neuron fired, while all others ceased to do so, as shown in Figure 13 . Information increases corresponded to decreases in the number of activated neurons. The results show that information increase is related to improved generalization. This means that when the number of activated hidden neurons decreases, improved generalization can be obtained. The present method can be used to change the number of neurons flexibly according to the quantity of information.
Second, the separation of the information acquisition and use phases was shown to be effective in improving generalization. As information maximization methods were originally developed for neural networks [27] [28] [29] , they have been easily interpretable; however, these methods have not necessarily led to improved prediction performance. In the information maximization methods, hidden neurons are inhibited by generating strongly negative connection weights, as in Figure 13 . The magnitude of negative connection weights becomes larger and, thus, strongly negative connection weights have unfavorable effects on generalization performance. The separation of those two phases weakens the bad effects of strongly negative connection weights. Due to this separation, the process of information maximization can concentrate on its own process of information maximization.
From this consideration, it can be concluded that improved generalization, in particular, for higher layers, is due to the flexible control of the number of hidden neurons and the separation of information increasing processes and error minimization.
Problems of the Method.
There are at least three problems with the present method, namely, winner determination, how to determine the quantity of information, and drastic changes in information. First, there is the problem of determining winners. As explained, the winners can be determined by using the variance of outputs from hidden neurons. When the variance becomes larger, the degree of winning becomes larger. The variance was adopted heuristically; thus, there is the possibility of some other options. For example, the simplest ways to choose winners is based on the magnitude of hidden outputs. When the magnitude of hidden neuron outputs becomes larger, the degree of winning becomes larger as well. This hypothesis seems to be natural for determining winners. However, even if the magnitude of hidden neuron output is large, the neuron may be not so important. For example, if all the output values of a neuron are the same, it is of no use. Thus, a method should be developed to determine the degree of winning neurons more naturally. Further comparison of those possible candidates for determining winners is needed to explain the necessity of the winners.
In addition, no explicit criteria exist to define the quantity of information content or the number of hidden neurons. As is explained in the experimental results, the information is forced to increase as much as possible and examine relations between information and generalization. It would be very convenient to have some criteria to stop this information increase. This is related to the determination of the appropriate number of hidden neurons.
Third, drastic changes should be explained in information increases, in particular, for the rebel data set in Figure 11 . The information increased gradually as the parameter increased, suddenly decreased, and finally increased again. As mentioned in the experimental results, it is possible that a kind of phase transition occurred at this point. It is thus necessary to carefully examine the mechanisms of this phase transition and provide an explanation for why it occurred. In particular, the effect of this drastic change on generalization performance should be carefully examined.
Possibility of the Method.
One of the main possibilities of the present method is that a number of different types of network architectures can be created simply by changing the information content. As mentioned, information maximization corresponds to the firing of a single neuron in the end. This means that the number of activated neurons can be changed by modifying the information content. Figure 14 shows this situation of flexible control of network architecture. Figure 14 shows a normal architecture in which all layers are equally treated in terms of information content. Figure 14(b) shows the case where information increases gradually. In this case, the number of activated neurons decreases gradually. On the other hand, Figure 14(c) shows the inverse case, where information decreases gradually and the number of activated neurons increases gradually. A number of different cases can be imagined with different quantities of information. Figure 14(d) shows only an example where maximum and minimum information are alternatively applied. The present method has the possibility of producing different levels of network architecture flexibility.
The property is related to the production of appropriate network architectures for different problems. As is wellknown, the learning of multilayered networks can be fasciculated by unsupervised learning [16] [17] [18] [19] . However, no methods exist which can determine the number of neurons in intermediate layers; the number of neurons must be chosen by trial and error. The present method can flexibly control the information content or actively control information content in the hidden layers. The flexible control of information can be used to train multilayered networks more easily, because information content in each hidden layer can be controlled.
Conclusion
In this paper, a new type of information-theoretic method to improve generalization performance was proposed. In the method, the complex procedures of information maximization were replaced by simpler ones. The method directly deals with outputs from hidden neurons. In the process of information maximization, a small number of neurons actually become activated. This process is realized by activating neurons in accordance with the magnitude of the neurons' variance. When the neurons become more important (larger variance), they become more activated and larger.
In addition, the information acquisition and use phases are separated. In the information acquisition phase, information content in hidden neurons is increased by producing a small number of active hidden outputs. On the other hand, in the information use phase, the information obtained in the information acquisition phase is used to train supervised learning. As is well-known, information maximization has been sometimes contradictory with error minimization for supervised learning. The separation between the two phases showed that it was possible to compromise between error minimization and information maximization. This is because, in each phase, neural networks can focus solely on either the processing of information maximization or error minimization.
The method was applied to the Iris data set, bankruptcy data set, and rebel data set. Experimental results showed that the information increase and improved prediction performance were possible through the present method. In particular, for higher layers, information increase was directly related to generalization performance, though some abrupt changes in information occurred in learning.
Though information-theoretic methods have been used extensively in neural networks, in particular to examine how neural networks acquire information content on input patterns, their learning rules have been complicated for actual applications. The proposed method is simple enough that it can be applied to many problems, in particular, to largesized data. This opens up new possibilities for informationtheoretic methods.
